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Sensor-based occupant tracking has the potential to enhance knowledge of the
utilization of buildings. Occupancy-tracking strategies using footstep-induced floor
vibrations may be beneficial for thermal-load prediction, security enhancement,
and care-giving without undermining privacy. Current floor-vibration-based
occupant-tracking methodologies are based on data-driven techniques that do
not include a physics-based model of the structural behavior of the floor slab. These
techniques suffer from ambiguous interpretations when signals are affected by complex
configurations of structural and non-structural elements such as beams and walls. Using
a physics-based model for data-interpretation enables deployment of sparse number of
sensors in contexts of non-uniform structural configurations. In this paper, an application
of physics-based data interpretation using error-domain model falsification (EDMF) is
presented to track an occupant within an office environment through footstep-induced
floor vibrations. EDMF is a population-based approach that incorporates various
sources of uncertainty, including bias, arising from measurements and modeling. EDMF
involves the rejection of simulated model responses that contradict footstep-induced
floor vibration measurements. Thus, EDMF provides a set of candidate locations
from an initial population of possible occupant locations. A sequential analysis that
accommodates information from previous footsteps is then used to enhance candidate
locations and identify trajectories among candidates. In this way, incorporating structural
behavior in interpreting vibration measurements induced by occupant footsteps has the
potential to identify accurately the trajectory of an occupant in buildings with complex
configurations, thereby providing tracking information without undermining privacy.
Keywords: occupant tracking, footstep-induced floor vibrations, physics-based model data-interpretation,
error-domain model falsification, sequential analysis
INTRODUCTION
Occupant-tracking applications using footstep-induced floor vibration measurements have the
potential to increase the safety and comfort of building residents. For example, this approach
provides knowledge of occupancy to enable optimal use of energy without undermining the privacy
of occupants. Such sensor-based systems have promising applications in thermal-load prediction
for energy management, hospital and old-age accommodation facilities, security enhancement,
and fire rescue. In addition, occupant detection and localization can be used to improve a general
understanding of occupant behavior and enhance utilization of buildings.
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Current studies of sensor-based occupant detection and
localization methodologies have involved costly equipment
that required invasive deployment and regular maintenance.
Commonly used approaches employed either radio-frequency
devices or optical sensors. Radio-frequency systems, such as
wearable devices, smartphones (Fierro et al., 2012; Lazik et al.,
2015), and built-in radio frequency beacons (Alhmiedat et al.,
2013; Purohit et al., 2013; Xu et al., 2013), have been used to
localize and quantify indoor occupants. Radio-frequency devices
require low levels of ambient acoustic noise and depend on
a highly instrumented infrastructure (Bekkelien et al., 2012).
In sparsely instrumented infrastructure, radio-frequency device-
based approaches have not been able to accurately track
occupants in buildings, owing to multi-path problems that are
induced by the ambient environment and resulted in radio
signals reaching the receiving antenna by more than one path
(Lam et al., 2016). Wearable devices based on radio-frequency
systems are intrusive and require occupants to carry permanently
connected devices (Pan et al., 2014).
Many buildings have been equipped with optical sensors
for occupancy detection and tracking. For instance, passive-
infrared sensors are used as motion detectors for liveability
control systems to detect human activities inside a room to
control lighting and heating, ventilation and air-conditioning
systems (Lu et al., 2010; Erickson et al., 2013). Near-infrared
sensors are utilized for occupancy monitoring as well as medical
diagnostics (Huang et al., 2003). Cameras are used to map
the indoor environment (Henry et al., 2012) as well as to
track occupants to estimate the level of occupancy and study
the behavior of occupants (Kamthe et al., 2009; Bamis et al.,
2010). Stochastic-process-based approaches usingMarkov chains
have been proposed to enhance identification of occupant
movements between sections of a simulated building (Kamthe
et al., 2009; Erickson et al., 2011, 2013). Markov properties have
also been used to assess the probability of the state of occupancy
in several buildings (unoccupied or occupied and awake or
sleeping residents; Lu et al., 2010). Localization using optical
sensors requires clear lines of sight and large angles of coverage
(Narayana et al., 2015). Video-recording devices and, to a lesser
extent, motion sensors undermine the privacy of people (for
example cameras in rooms of patients and offices). Moreover,
these devices potentially influence the behavior of occupants in
work environments.
Occupant detection and localization have been performed
using floor vibrations induced by human footsteps (Richman
et al., 2001). Using floor vibrations to detect and localize
occupants does not undermine the privacy of occupants.
Vibration-based occupant detection and localization has the
potential to reduce the number of sensors and to overcome
the limitations related to optical sensors, such as clear lines
of sight and a large angle of coverage. Time-Difference-of-
Arrivals (TDoAs) of footstep-induced floor vibrations at multiple
sensors are utilized to provide an estimation of the occupant
location (Pakhomov et al., 2003; Schloemann et al., 2015;
Lam et al., 2016; Mirshekari et al., 2016). To date, the most
common strategy has been to analyze signals in the absence
of a structural behavior model. Such model-free approaches
involve processing and analyzing vibration measurements and
require at least three sensors with overlapping coverage where
occupants could be localized (Mirshekari et al., 2018). In other
studies, dispersion observed for wave propagation through the
floor as well as low signal-to-noise ratio of footstep-induced
floor vibrations have led to distorted signals and uncertain
localization results. Thus, additional sensors were required to
increase the accuracy of occupant detection and localization
(Bahroun et al., 2014; Pan et al., 2014, 2015, 2016). Moreover,
complex structural configurations that contained structural and
non-structural elements such as walls and beams have limited
the applicability of model-free occupant localization approaches
(Mirshekari et al., 2018). Such obstructions affected the wave
propagation, thus resulting in a source of ambiguity that
compromised occupant localization.
This paper proposes an alternative strategy that is based
on coupling measurement information from vibration sensors
with structural-behavior models. Information from physics-
based models can help overcome limitations of existing
methodologies. However, combining structural simulations with
measurement interpretation involves accommodating multiple
sources of uncertainties such as model imperfection and sensor
resolution and precision. Error-domain model-falsification
(EDMF) (Goulet and Smith, 2013) is a population-based
approach that is applied in this paper to account for such
uncertainties. EDMF provides robustness for inverse problems
in the presence of important uncertainties, including systematic
modeling bias. EDMF is most useful when typical assumptions
of traditional Bayesian model updating (independent zero-mean
Gaussian distribution of uncertainties) cannot be made (Pai
et al., 2018). EDMF has been successfully applied to more
than fifteen full-scale systems (Smith, 2016) including structural
identification (Goulet et al., 2013), leak detection in water-supply
pipes (Moser et al., 2015), wind simulations (Vernay et al., 2015),
fatigue life evaluation (Pasquier et al., 2014, 2016; Pai et al., 2018),
and post-seismic building assessment (Reuland et al., 2019).
The paper starts with a description of the model-based data-
interpretation methodology for occupant tracking in section
Methodology. A full-scale case-study description for occupant
tracking is presented in section Case-Study Description.
Dynamic signal processing of footstep-induced floor vibration
measurements is discussed in section Vibration-Measurement
Analysis. System parameters for the finite element simulations of
footstep impacts are described in section Numerical Simulation
Using a Physics-Based-Model. EDMF and a sequential analysis
that accommodates information from previous footsteps is
then used for trajectory identification. Finally, this paper
closes with a summary and discussion in section Summary
and Discussion.
METHODOLOGY
Model-based occupant tracking incorporates information
about structural behavior through physics-based models to
infer occupant locations from footstep-induced floor vibration
measurements. Using measurement data, the localization of
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FIGURE 1 | Footstep events are detected when measured vibration amplitudes exceed detection thresholds. Simulations are compared with measurements using
error-domain model-falsification (see section Error-Domain Model-Falsification). Candidate locations are then tested for sequential analysis (see section Sequential
Footstep-Localization Analysis). Finally, trajectory identification process is carried out to infer occupant trajectories from candidate location sets.
the identified footstep events is treated as an inverse problem.
Uncertainties such as variation in floor vibrations measured
for footstep impacts at same locations lead to ambiguities that
make occupant tracking through vibration measurements a
challenging task. The proposed occupant-tracking strategy is
composed of three parts: vibration-measurement processing to
detect and process signals related to footstep events, generation,
and processing of model predictions through simulations and
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model-based data-interpretation using error-domain model
falsification to infer occupant trajectories.
A representation of the steps involved in occupant-tracking
strategy is shown in Figure 1. To start, ambient-vibration
measurements are recorded on the slab in absence of any
occupant. Processing the ambient vibrations reveals the
fundamental frequencies of the structure that are used afterwards
for wavelet decomposition of footstep-event signals. Detection
thresholds are defined as three standard deviations (3σ) of
un-processed ambient vibrations (see Figure 1). Each footstep
impact generates cyclic vibrations that do not overlap with
the next footstep impact. Thus, each footstep-event signal is
independent. When exceedance of the detection thresholds
occurs at one sensor, a footstep event is detected and a signal
window (length equal to duration of a single footstep) is
extracted at all sensor locations. Each footstep event signal is
processed using wavelet decomposition (Ford, 2003; Mirshekari
et al., 2018) in order to explore their low-and-high frequency
components. Morlet wavelet (Lin and Qu, 2000) is used as the
mother wavelet in the continuous wavelet transform (CWT)
due to its shape similarity to the footstep impact signal. CWT
compares a recorded signal with the chosen mother wavelet
through changing scaling factors in order to decompose the
signal in the time domain. Subsequently, each scale contains
signal information in this domain. Reconstruction of the signal
corresponding to a specific frequency range is performed by
combining information contained at the corresponding scales.
In this study, the metric that is adopted for occupant localization
is the delta amplitude (1amp) at various frequency ranges, which
is the difference between maximum and minimum amplitudes
of a footstep-event signal (see Figure 1). Based on a pre-study
of measurement data, 1amp provides better characterization of
velocity data with impact locations than various other metrics
such as maximum and minimum amplitudes, maximum and
minimum amplitude ratios, and root-mean-square calculations
of footstep-event signals.
Occupant-tracking methodology uses a physics-based model
of the slab to update the knowledge of the occupant locations
from vibration measurements. Since footstep-event signals
are found to be independent from the consecutive footstep
event, each footstep-impact simulation is carried out separately
at predefined possible locations. Similar to footstep-event
vibration measurements, low-and-high frequency components
of the simulated footstep signals are extracted using wavelet
decomposition. In this paper, a finite-element model is used for
predictions, as discussed in the case study section (see section
Numerical Simulation Using a Physics-Based-Model).
Model predictions and measurement data are prone to
various uncertainties. The model-based data-interpretation
approach using error-domain model-falsification (EDMF)
(see section Error-Domain Model-Falsification) explicitly
incorporates uncertainties from various sources that include
model simplifications and secondary parameters (such as
material properties and stiffness of support conditions).
Measurement uncertainties include sensor resolution and
precision as well as variation in measured vibrations
from a person walking along the same trajectory multiple
times. Ten prior measurements of a walking person at
all possible footstep locations are recorded in order to
estimate measurement uncertainty at each possible location.
Uncertainty estimation for both vibration measurements
and model predictions is thoroughly discussed in section
Uncertainty Estimation.
Uncertainty sources are subsequently combined using the
Monte-Carlo sampling scheme. For each possible footstep-
location, thresholds are computed based on the combined
uncertainty and a target reliability of identification. Using EDMF
(see section Error-DomainModel-Falsification) a set of candidate
locations that are compatible with measured signals is obtained
for each footstep event. Assuming that successive footstep events
do not exceed a pre-fixed step length, a sequential analysis (see
section Sequential Footstep-Localization Analysis) is applied in
order to enhance the precision of the set of candidate locations
of each footstep event. Finally, assuming that a person walks
continuously until reaching destination without stopping or
going backwards, trajectory identification is carried out based on
candidate location set of each footstep event.
Error-Domain Model-Falsification
EDMF has been inspired by the logic of scientific discovery
(Popper, 1959), which asserts that in science, models cannot
be completely validated by data; they can only be falsified.
Unlike traditional model-based data interpretation approaches
such as residual minimization and Bayesian model updating,
model falsification provides accurate solutions to inverse
problems that are ill-conditioned due to the presence of
important measurement uncertainties, including systematic
modeling errors and unknown correlations between measured
locations (Tarantola, 2006; Fernández-Martinez et al., 2013;
Pasquier and Smith, 2015).
Model falsification involves the generation of multiple-
model instances that are falsified when the prediction instances
contradict measurement data. The initial model population is
generated using possible ranges of parameter values. Simulated
instances are compared with the structural response in order to
identify candidate models among the initial population.
Assuming that gi(θ) is the predicted structural response
at measurement location i where θ is the vector of model
parameter values, corresponding to footstep location coordinates
in this application. Themodel response (1amp of footstep-impact
simulation signal at various frequency ranges) is subjected to
many sources of uncertainty including model fidelity, geometric
simplifications, material properties, and boundary conditions.
Most of these uncertainties are intrinsically systematic with
unknown correlations between measurement locations. εmod, i
denotes the combination of all these uncertainties at each
measurement location. The vector of measured structural
responses at sensor location i is denoted as yi. Measurement
uncertainty εmeas, i is associated with each measurement location.
As shown in Equation 1, the true (unknown) structural response
Qi at a measurement location i equals either the sum of
model prediction with true parameter values θ
∗
conditioned by
model uncertainty or the sum of measurement conditioned by
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measurement uncertainty.
Qi = gi
(
θ
∗
)
+ εmod, i = yi + εmeas, i i = 1..m (1)
In Equation 1 m denotes the total number of measurement
locations. Equation 1 may be rearranged as:
gi
(
θ
∗
)
− yi = εmeas, i − εmod, i = εc, i (2)
where the residual between the model prediction and
measurements is equal to the combined uncertainty at a
measurement location, εc, i. In a probabilistic approach, these
errors εmod, i, εmeas, i and εc, i are represented as random variables
denoted as Umod, i, Umeas, i and Uc, i, respectively. Contribution
from structural parameters that are not intended to be updated
are incorporated as well in the combined uncertainty Uc.
Uncertainties are combined using Monte-Carlo sampling.
Thresholds Thigh,i and Tlow,i are calculated using the combined
FIGURE 2 | Trajectory identification using error-domain model-falsification starts with an initial location set. Model simulations are compared with measured response
in order to identify candidate locations among the initial population. Threshold boundaries are derived from combined uncertainties. Model instances are falsified when
the residual value between simulations and measurements exceeds thresholds at any sensor location.
FIGURE 3 | Sequential analysis is applied for each candidate location set of each footstep event resulting from EDMF. Based on information from the previous
footstep event, sequential analysis reduces the population of the resulting candidate locations.
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uncertainty Uc, i and a target reliability of identification φ ∈
{0, 1}, as shown in Equation 3.
φ1/m =
∫ Thigh,i
Tlow,i
fUc,i (εc, i)dεc, i (3)
where fUc,i is the probability density function (PDF) of the
combined uncertainty Uc,i at sensor location i. The target
reliability of identification φ is adjusted using the term 1/m,
called as Šidák correction (Šidák, 1967) to maintain a constant
level of confidence when several sensors are used for measuring
the structure response. In structural engineering, a target
reliability of identification value of 0.95 is commonly used.
Regarding occupant-tracking applications, the residual at each
measurement location is calculated as the difference between
footstep-impact model simulations and footstep-induced floor
vibration measurements. Based on an initial location set, model
instances whose residuals lie outside the thresholds are falsified,
as illustrated by Equation 4.
Tlow,i ≤ gi (θ)− yi ≤ Thigh,i ∀ i ∈ {1, .., m} (4)
Figure 2 illustrates the error-domain model-falsification
methodology, in which threshold boundaries are defined
using the combined distribution of uncertainties and a target
reliability of identification. Since the application of this paper
is occupant tracking, the initial model instances correspond
to all possible location coordinates of an occupant inside an
office environment (see initial location set in Figure 2). Thus,
all model instances whose residuals lie inside the thresholds
at each sensor location are accepted and form the candidate
model set (Goulet and Smith, 2013; Goulet et al., 2013). These
candidate models correspond to the candidate location set that
include the real location of a footstep event (see real footstep
location in Figure 2). Candidate location sets are generated for
each footstep event. Due to the lack of information of the true
uncertainty distributions, all candidate models are treated as
equally probable.
Sequential Footstep-Localization Analysis
Sequential analysis for footstep localization assumes that a person
walks continuously with a fixed step length without stopping
or going back suddenly. These assumptions are tested for all
candidate locations of each footstep event that result from model
falsification. Thus, if the difference between candidate footstep
locations for two consecutive footstep events exceed a pre-
defined step-length, then those candidate locations are falsified.
Figure 3 contains an explanation of the sequential analysis.
Candidate location set at each footstep event identified using
EDMF (see section Error-Domain Model-Falsification) are
further reduced using information from the previous footstep
event. Each candidate location at footstep event k+1 (squares and
diamonds in Figure 3) is compared with all candidate locations
at previous footstep event k (dots in Figure 3). If the minimum
distance between a candidate location at position k + 1 and
the candidate locations at position i is higher than the pre-
defined maximum distance between two footsteps, the candidate
location at position k + 1 is falsified (diamonds in Figure 3).
Assuming that a person carries on walking until reaching their
destination, information from previous footstep events reduces
the size of the resulting candidate-location sets. Candidate-
location set of each footstep event are subsequently used for
identification of occupant trajectories (see section Model-Based
Occupant-Tracking Results).
CASE STUDY OF MODEL-BASED
OCCUPANT-TRACKING
Case-Study Description
Model-based occupant tracking is applied to a continuous
reinforced-concrete slab supported by steel beams. The slab is
located in an office environment at the applied computing and
mechanics laboratory (IMAC) on the EPFL campus. The initial
occupant-location set includes a corridor and four offices (Offices
A, B, C, and D in Figure 4), and covers a surface of∼100 m2.
The reinforced-concrete slab is 20 cm thick with linoleum-
based floor covering. The steel frame at the structure boundaries
of the tested part of the slab is composed of one H-beam
(height of 330mm) on the north end, two I-beams (height of
450mm) on the west end, and one H-beam (height of 390mm)
on the east end. The slab rests on 11 I-beams (330mm high).
Six steel columns support the tested part of structure. Several
non-structural walls made of plasterboard are underneath and
above the structure. The west end of the slab is connected to
prefabricated structural walls made of reinforced concrete with
an unknown connection type. The east end is free. The south end
of the slab is connected to the remaining part of the laboratory
and the north end is joined to a structural masonry wall with an
unknown connection type.
Measurements are taken using two vibration sensors
(Geophones SM-24 by I/O Sensor Nederland bv) with a
sampling rate of 3,000Hz. Both sensors are placed above the
slab with ∼7m spacing in the longitudinal direction. They are
positioned close to the office walls (see Figure 4) in order to
avoid a longitudinal beam that connects columns at the east
end. Vertical velocity responses of the structure are recorded
simultaneously through an acquisition unit (NI PCIe-6259).
The corridor and each office contains two potential
departure/arrival points (see Figure 4), thus forming 82
possible trajectories (assuming that trajectories between points
inside a same office are not considered). Model-based occupant
tracking is tested on three trajectories #1, #2, and #3 in Figure 4.
The first trajectory starts from the north end of the corridor
and ends at the south end. The second trajectory starts from the
west end of Office C and leads to the south end of the corridor.
The third trajectory goes from the west end of Office B to the
west end of Office C. One-person (∼90 kg in mass) walked along
trajectories #1, #2, and #3 (see Figure 4) three times at a walking
frequency of 1.6Hz to validate the proposed model-based
occupant tracking strategy. Prior to the test walks, vibrations
from various trajectories (for instance, trajectories #1 and #4 in
Frontiers in Built Environment | www.frontiersin.org 6 May 2019 | Volume 5 | Article 63
Drira et al. Model-Based Occupant Tracking
FIGURE 4 | Offices A, B, C, and D as well as the corridor are considered for occupant tracking (∼100 m2). The corridor and each office contain two departure/arrival
points for trajectories. Trajectories #1, #2, and #3 are used for occupant tracking using model-based approaches (see Figures 9–11). Trajectory #4 is measured prior
to the localization tests in order to assess measurement uncertainty (see Figure 8). Footsteps #5 and #7 are used to demonstrate the limitation of occupant
localization using model-free approaches (see Figure 14).
Figure 4) are measured in order to have at least ten signals for all
possible footstep locations. These prior measurements are used
to quantify measurement uncertainty.
Vibration-Measurement Analysis
Footstep-induced floor vibrations are characterized as non-
stationary signals (Mirshekari et al., 2018). Thus, CWT is
proposed to compare footstep impact signals with a mother
wavelet based on various scaling in order to decompose the
signal in the time domain. The Morlet wavelet is used as
mother wavelet due to its shape similarity with the footstep
impact signal. Based on prior signal processing of ambient-
vibration measurements, the dominant frequencies of vertical
slab vibrations are found to be around 24Hz. In order to capture
the first modes of the structure, low-frequency components
using wavelet decomposition of footstep-induced floor vibrations
are extracted for the frequency range of [20, 40] Hz. High-
frequency components have been used for impact localization
on structural health monitoring applications (Park et al., 2012).
Given the bandwidth of the vibration sensors, high-frequency
components of footstep-induced floor vibrations are extracted in
the frequency range [150, 200] Hz. Amplitudes in this range have
empirically shown best sensitivity to footstep-impact locations.
Figure 5 presents the difference between maximum and
minimum amplitudes (1amp) at low-and-high frequency ranges
for footstep-event signals at various impact locations. For each
detected footstep, a data window with a length corresponding
to the duration of one step (1/1.6Hz = 0.625s) is extracted.
For each footstep-impact location of a walking person, following
trajectory #1 as well as trajectory #4 (see Figure 4), the value of
1amp shown in Figure 5 corresponds to the mean value over
10 prior measurements (not used for localization). Figures 5A,C
illustrate low-frequency components for trajectories #1 and #4,
where1amp values are found to be governed by the fundamental
mode shapes of the structure. In Figure 5A, 1amp values show a
growing trend until reaching a maximum at mid-span between
columns for both sensors S1 and S2 (see Figure 4) and a
decreasing trend in accordance with column positions close
to footstep locations #1 and #20 as well as between footstep
locations #10 and #11. In Figure 5C, 1amp values increase when
footstep-impact locations are approach the corridor.
High-frequency components of footstep-impact locations
are shown in Figures 5B,D for trajectories #1 and #4. 1amp
values in Figure 5B contain peaks close to sensor locations (see
Figure 4) and show a decreasing trend when the positions of
footstep impactsmove away from sensors. However, an exception
in the trend is the footstep location #1, which can be due
to stepping hard in the first step of the walk. In addition,
high frequency components of impact signals inside Offices A
and B in Figure 5D do not provide information of footstep
impact positions. Thus, footstep-impact locations cannot be
distinguished between offices. Such information can be due to
local structural modes.
It is concluded that low-frequency components of impact
signals are dominated by global structural effects and high-
frequency components of impact signals are dominated by
impact positions and local structural effects. As highlighted
by Figures 5B,D, high-frequency components of a sensor
configuration with two sensors in the corridor provide
ambiguous and imprecise results for footstep-impact locations,
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FIGURE 5 | Wavelet decomposition of footstep signals between: (A) 20 and 40Hz and (B) 150 and 200Hz for trajectory #1 (see Figure 4) and between: (C) 20 and
40Hz and (D) 150 and 200Hz for trajectory #4 (see Figure 4). Bars represent the range between minimum and maximum values of 10 prior measurements and
circles correspond to the mean values.
specifically due to low signal amplitudes inside offices and close
to columns. Therefore, in this situation, information from low-
frequency components, which reflect the structural behavior are
also taken into account for occupant localization.
Numerical Simulation Using
a Physics-Based-Model
Model falsification involves using structural behavior of
the slab to infer occupant positions from footstep-induced
measurements. Unlike measurement-driven methods, EDMF
explicitly includes physical principals that involve specific
material properties, geometry and boundary conditions. As for
footstep-induced measurements, each footstep-event signal is
considered to be independent. Therefore, the possible footstep
positions that define the initial model population are simulated
separately. Each footstep-impact signal of a measured trajectory
is then compared with model predictions in order to provide a
set of candidate locations.
Model Predictions
In this study, model predictions are obtained using a finite-
element model of the slab using ANSYS (APDL, 2010; total
of 36,250 elements). The floor slab is modeled using shell
elements (SHELL181) and beams are modeled as beam elements
(BEAM188). Full connection between beams and slab is assumed.
Due to incomplete knowledge of boundary conditions, the slab
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FIGURE 6 | The footstep-impact load function is conceptualized as a
succession of two sine functions. M describes the weight of a person. The first
period T1 defines the contact phase, during which, the full weight is applied to
the ground. The second period T2 is related to the toe-off of the foot.
is modeled as simply supported in the north, south, and east
ends. Also, columns are modeled as simple supports. Office
walls (walls in Figure 4) are modeled using translational springs
in the vertical direction (COMBIN14). The spring stiffness is
estimated based on a prior sensitivity analysis, resulting in a s-
shaped function of the fundamental frequency as a function of
spring stiffness. Taking the average stiffness value between freely
supported and completely fixed, the stiffness of the spring is 1,600
N/mm. The elastic moduli for the steel and the concrete slab are
taken to be 210 and 35 GPa.
Linear modal superposition is used to calculate the dynamic
response. The footstep-impact force is applied on a single node as
a function of time. The footstep-impact load function is divided
into two phases: contact phase during which the foot is in contact
with the floor and swing phase during which the other leg is
swinging for the next footstep impact (Racic et al., 2009). For
the sake of simplicity, only the contact phase is considered in
this paper. Within the contact phase, the first event initiates
with a heel contact during which the full weight is applied to
the ground and this is denoted as footstep full-weight duration
for the purposes of this study. Afterwards, the second event of
the contact phase ends with a toe-off of the foot. Therefore,
the impact-load function is modeled as succession of two sine
functions, reflecting the two contact phase events, that start
with non-zero slope and ends with zero-slope as illustrated
in Figure 6.
Within this case study, the position of the person for each
event is taken to be the parameter to be identified. In addition
to primary parameters of footstep locations, ranges of values
for footstep full-weight duration, person weight, and viscous
damping are sources of secondary parameter uncertainty that are
not identified and thus, contribute to the combined uncertainty
calculations. In addition, due to lack of information on the
nature and the influence of the floor-covering material ranges
of values for person weight and viscous damping (implemented
as constant stiffness-proportional damping ratio in the analysis)
are estimated conservatively. Finally, modeling uncertainties are
intended to cover this effect. Similar to footstep-induced floor
vibration measurements, simulated footstep-impact signals are
then processed using wavelet decomposition in order to extract
low-and-high frequency components for frequency ranges of [20,
40] and [150, 200] Hz.
Uncertainty Estimation
Model predictions and measurements are prone to multiple
sources of uncertainty. Model uncertainties include unknown
secondary parameters and boundary conditions as well as
global model fidelity. Model and measurement uncertainties
are assumed to follow uniform distributions (instead of more
informed probability distributions) due to the lack of information
that is typical in occupancy detection and localization.
Model uncertainty due to secondary parameters is taken into
account by varying values of parameters that are not updated:
occupant weight [50–90] kg, footstep full-weight duration [0.02–
0.08] s, and viscous damping ratio [1–7] %. The finite-element
model involves multiple simplifications, such as modeling beams
with one-dimensional elements and using shell elements for the
concrete slab. Simulation simplifications also include idealized
boundary conditions (rotation free) and the use of translational
springs to model non-structural walls separating offices. In
addition, the finite-element model contains multiple omissions
such as office furniture and corridor railings. The footstep impact
load-function is applied to a single node in simulations and thus,
the uncertainty is further increased. The overall simplifications
and omissions are estimated to result in a uniform model-
uncertainty distribution of [−15, +25] % based on engineering
judgement and heuristics (Pai et al., 2018; Proverbio et al., 2018;
Reuland et al., 2019).
Low-frequency components are estimated to be more affected
by global structural modes (see Figure 5) as well as by the applied
load-function (having only low frequency components) than
high-frequency components, where local modes are dominant.
Since the applied load-function of a footstep impact is composed
of two sine functions (see section Model Predictions) that are
defined by a low frequency components, the interaction between
applied load and structural response is more important at
low-frequency ranges. This results in over-estimating velocity
amplitudes at low-frequency components and under-estimating
amplitudes of velocity at high-frequency components. In
addition, the natural period of the structure falls within
the range of values for the footstep impact duration, which
increases velocity amplitudes at low-frequency components.
Therefore, based on engineering judgment and observation of
model simulations, additional uncertainties following a uniform
distribution of up to [−50, 0] % for low-frequency components
and up to [0, +40] % for high-frequency components increase
the modeling uncertainty. As local structural modes are more
prominent in high-frequency ranges, the position of the sensor
and the footstep impact have a higher influence on prediction
results. This increased uncertainty is accommodated by adding
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FIGURE 7 | Model and measurement uncertainties for each potential footstep-impact location. (A) Presents signal-decomposition uncertainty for low-frequency
components for Sensor S1 are estimated by taking the difference between simulated footstep-signal components at frequency ranges that lay between 16 and 48Hz
and components at frequency range [20, 40] Hz. Similarly, Signal-decomposition uncertainty for high-frequency components for Sensor S1 are estimated by taking
the difference between simulated footstep signal components at frequency ranges that lay between 126 and 271Hz and components at frequency range [150, 200]
Hz. (B) Presents measurement uncertainty for Sensor S1 at each footstep location are estimated from 10 independent trajectory measurements conducted prior to
location identification. Wavelet decomposition is carried out in the frequency range [20, 40] Hz for low-frequency components and [150, 200] Hz for high-frequency
components.
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FIGURE 8 | Estimation of signal-decomposition uncertainty at low-and-high frequency components is explained. (A) Presents signal-decomposition uncertainty for
low-frequency components for Sensor S1 of a footstep signal that is estimated by taking the difference between simulated 1amp at frequency ranges {[16, 30] (C);
[26, 48] (A)} Hz and components at frequency range [20, 40] Hz (B). (B) Presents signal decomposition uncertainty distributions for high-frequency components for
Sensor S1 of footstep signals #5 and #7 (see Figure 4) that are estimated by taking the difference between simulated 1amp at frequency ranges within [126–271] Hz
and components at frequency range [150, 200] Hz.
[−10, +10] % to the modeling uncertainty related to high-
frequency components.
Physics-based model simulations contain additional
uncertainties that are related to the exact frequency values
used for wavelet decomposition when comparing footstep
impact simulations with measurements. Signal decomposition
uncertainty is estimated for all possible footstep impact locations
and at each sensor position.
Figure 7A presents the absolute signal-decomposition
uncertainties at low-and-high frequency components for Sensor
S1 and corresponding to all possible footstep locations. The
signal-decomposition uncertainties at low-and-high frequency
components are estimated by taking the difference between
simulated footstep signal components at various frequency
ranges with the reference components at frequency ranges [20,
40] and [150, 200] Hz of the simulated signal. Each frequency
range is taken in a way to preserve the same amount of scales
that define the reference decomposition ([20, 40] and [150,
200] Hz). These frequency ranges lay between 16 and 48Hz for
low-frequency components (see Figure 8A) and between 126
and 271Hz for high-frequency components (see Figure 8B).
An example of signal-decomposition uncertainty assessment
for a footstep-impact simulation is explained in Figure 8A.
Upper and lower bounds defining a uniform distribution
of the signal-decomposition uncertainty for low-frequency
components are estimated by taking the difference between
simulated 1amp at frequency ranges {[16, 30]; [26, 48]} Hz and
components at frequency range [20, 40] Hz. These comparisons
are performed for each simulated footstep signal at low-and-
high frequency ranges separately (for instance, comparisons at
high-frequency components of footstep locations #5 and #7 in
Figure 8B). Thus, the minimum and maximum values resulting
from the frequency-component comparisons define the upper
and the lower bounds of the signal-decomposition uncertainty
of a simulated footstep signal.
In addition to the modeling uncertainties, measurement
uncertainty, including sensor resolution and precision as well as
the variation of the signal related to a person walking along the
same trajectory multiple times are incorporated in the combined
uncertainty. Measurement uncertainties are estimated based on
prior measurements at each impact footstep locations, which
define the possible trajectories inside the office environment
(for instance trajectories #1 and #4 in Figure 4). Ten prior
measurements (not used for localization) at each footstep impact
location are recorded to estimate measurement uncertainty.
Absolute measurement uncertainty (following a uniform
distribution) of each footstep impact location are presented
in Figure 7B. Measurement uncertainty at a specific footstep
impact location is estimated based on comparing the values
of 10 walks to the mean measurement value. Minimum
and maximum bounds of measurement uncertainties are
taken to define a uniform uncertainty distribution at each
footstep location. Measurement uncertainties for low-frequency
components present higher absolute values when footstep-
impact locations are at mid-span of the corridor, close to sensor
S1 (see Figure 5A) compared to footstep-impact locations inside
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FIGURE 9 | Candidate-location set that is obtained using EDMF and sequential analysis (see Figure 3) for each footstep event of trajectory #1.
offices (see Figure 8B). In addition to the variation of the signal
related to a person walking on same locations and the resolution
and precision of sensors, higher amplitudes of vibration result
in higher absolute uncertainties. Measurement uncertainties for
high-frequency components present higher absolute values when
footstep-impact locations are close to Sensor S1 (see Figure 5B)
for similar reasons.
Subsequently, model and measurement uncertainties related
to each footstep location at low-and-high frequency ranges are
combined using a Monte-Carlo sampling with 1 million samples.
Based on a target reliability of identification of 99%, thresholds
at each footstep location are derived from the corresponding
combined uncertainty.
Model-Based Occupant-Tracking Results
The primary objective of this approach is the trajectory
identification of an occupant. The first step toward this objective
is localizing the occupant, which is performed separately for
each captured footstep-event signal. Using EDMF, all model
instances for which residuals between model predictions and
footstep-induced floor vibration measurements lie outside the
threshold bounds are falsified (see section Error-Domain Model-
Falsification). Combining information at each sensor location,
candidate location set (CLS) of each footstep event are generated.
Since a person is assumed to walk continuously with a fixed
step length until reaching their destination, without stopping or
going backwards, the sequential analysis (see section Sequential
Footstep-Localization Analysis) is performed for all CLS of
each footstep event. When the distance between a candidate
location of a footstep event with all candidate locations of the
previous footstep event exceeds a pre-defined step length, the
candidate location is falsified as shown in Figure 3. Trajectory
identification is then carried out based on the resulting CLSs from
the falsification process and sequential analysis. Measurement of
one walking person following three trajectories (trajectories #1,
#2, and #3 in Figure 4) are tested three times.
Examples of CLSs of various footstep events that correspond
to trajectories #1, #2, and #3 (see Figure 4) are shown in
Figures 9–11 with squares. These CLSs result from EDMF (see
Figure 2) and sequential analysis (see Figure 3). Falsified location
sets (circles) as well as walls delimitating offices are included for
each footstep event. Furthermore, real footstep locations of each
footstep event are presented with stars (see Figures 9–11).
Combining model predictions at low-and-high frequency
ranges with footstep-event measurements using EDMF leads
to binary information about presence or absence of an
occupant at a set of locations. Since all CLSs contain the
real footstep location, model-based occupant localization using
EDMF provides accurate results for all measurements. As EDMF
sacrifices precision to achieve accuracy (real footstep-impact
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FIGURE 10 | Candidate-location set that is obtained using EDMF and sequential analysis (see Figure 3) for each footstep event of trajectory #2.
location is part of the CLS), the precision of the candidate
locations is found to be generally low across all footstep events.
For instance, EDMF along with sequential analysis did not falsify
any candidate location for the footstep event #4 of the trajectory
#2. Also, the CLS of multiple footstep events contain more than
50% of all possible locations (see footstep events #1, #3, #5,
#7, and #8 in trajectory #2 in Figure 10; footstep events #1,
#4, #5, #11, #20, and #21 in trajectory #3 in Figure 11). The
candidate locations of those footstep events are either located
inside offices or close to column (located in the middle of the east
end of the slab; see Figure 4). However, CLS of footstep events
of trajectory #1 (walking in the corridor, see Figure 9) present
better precision in most cases. Lack of precision of the CLSs
inside the offices and close to column is due to the low amplitudes
of the measured footstep-events based on the actual sensor
positions (see Figure 4), which are placed in the corridor for
privacy purposes (see section Vibration-Measurement Analysis).
Thus, further study of the sensor layout might be useful in
improving the precision of identifying candidate locations.
Complete information of the size of CLSs for each footstep event
illustrated in Figures 9–11 are presented in Table 1.
Trajectory identification is then carried out based on the
resulting CLSs from the falsification process and sequential
analysis. The identification of the measured trajectory starts with
considering all potential departure/arrival spots (see Figure 4) as
possible departure points in the first CLS of the captured footstep
event. If a possible departure point is a candidate location, all
possible trajectories corresponding to this departure spot are
taken into account. Candidate locations of the first footstep event
provide all possible paths that a person can take. Additional
footstep events provide further information about paths taken
from the remaining departure spots. When a CLS of a footstep
event does not satisfy the continuity of a path, the corresponding
trajectory is rejected (see Figure 12). In addition, if a complete
path is attained at a footstep event, whereas additional footstep
events are captured in the following, the current trajectory is
rejected. Finally, once all candidate locations of all footstep events
are explored, the remaining paths are the candidate trajectories.
A representation of trajectory identification is shown in
Figure 12 for footstep events #10 and #11 of trajectory #2
(see Figure 10). Arrows point out candidate locations #10 and
#11 from departure points. The remaining trajectories that
correspond to footstep event #10 are equal to 15 (see Figure 12).
These trajectories are not rejected based on the CLSs of the first 10
footstep events. The remaining departure points at footstep event
#10 are: (i) the west end of Office C, (ii) the south end of corridor,
and (iii) the east end of Office D (see Figure 12). All possible
paths starting from the departure point (i), which presents the
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FIGURE 11 | Candidate-location set that is obtained using EDMF and sequential analysis (see Figure 3) for each footstep event of trajectory #3.
TABLE 1 | Size of candidate location set and the remaining candidate trajectories after each footstep event are presented for all tested trajectories (see Figures 9–11).
Trajectory #1 Trajectory #2 Trajectory #3
Footstep event # Candidate locations Candidate
trajectories
Candidate locations Candidate
trajectories
Candidate locations Candidate
trajectories
1 17 41 45 58 46 74
3 48 53
4 19 36 52 51 30 44
5 19 34 36 38 38 42
6 2 10 23 34
7 3 7 45 33
8 34 26
9 22 23 19 19
10 11 6 17 15 26 17
11 7 4 27 16
12 2 3
14 5 10
15 10 4 10 1 8 8
16
17 5 3
20 17 1 27 6
21 32 4
Blank gray fields correspond to footstep events that do not lead to a reduction in the number of candidate trajectories. Bold values correspond to final candidate trajectories and the
candidate-location set of the last detected footstep event.
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FIGURE 12 | Candidate trajectory results of trajectory #2 are shown for
footstep events #10 and #11. Arrows point out candidate locations #10 and
#11 from departure points. The remaining trajectories that correspond to
footstep event #10 is equal to 15. Based on trajectory identification process,
only four trajectories remain at footstep event #11. Each additional footstep
enhances trajectory identification.
real departure spot, are not rejected. One path that starts from
departure point (ii) to the west end of Office C, is not rejected.
The remaining trajectories that start from departure point (iii),
concern the arrival points at the north end of the corridor, Offices
A and B and the west end of Office C.
Based on 15 trajectories that are not rejected from footstep
event #10 and additional information from the CLS of the
footstep event #11, only four possible trajectories remain.
As the candidate location #11 among CLS of the footstep
event #11 starting from the remaining possible departures
from previous footstep event do not satisfy the continuity
of 11 trajectories out of 15 are rejected (see footstep event
#11 in Figure 12). The remaining candidate trajectories after
exploring CLS of the footstep event #11 correspond to the
departure point (iii), where the arrival point is the west end
of Office C and the departure point (i), where the arrival
points are the south end of the corridor and the ones inside
Office D. Therefore, at each additional footstep event trajectory
identification is refined.
Table 1 presents the size of the CLS of each footstep event
that are shown in Figures 9–11 of each tested trajectory. The
remaining candidate trajectories corresponding to each footstep
event are also presented. For trajectory #1, after footstep event #7
only seven candidate trajectories remain. Thus, 75 of the 82 initial
trajectories (see possible departure/arrival points in Figure 4) are
falsified (∼91% of initial trajectories) using information from
events #1 to #7 out of the 20 captured footstep events.
For trajectory #2, 67 of the 82 initial trajectories (∼82%) are
falsified from events #1 to #10 out of the 15 captured footstep
events. For trajectory #3, 74 of the 82 initial trajectories (∼82%)
are falsified from events #1 to #15 out of the 21 captured footstep
events. Although reduction in uncertainty regarding the location
of the occupant at most isolated footstep events is low, initial
location set is composed of 52 possibilities, reduction in number
of candidate trajectories is significant.
The correct trajectory followed by a person walking is
precisely identified for all measurements (see last footstep event
for each testes trajectory in Table 1). After exploring all footstep
event results, the correct trajectory is determined with a precision
of 100% for trajectories #1 and #2 and 95% for trajectory #3 in
which only four trajectories out of 82 remain (see Figure 13).
Regarding the trajectory identification step based on CLS of
the captured footstep events, the number of candidate trajectories
decrease to 1 out of 82 for trajectories #1 and #2. The number of
candidate trajectories decreases to 4 out of 82 for trajectory #3.
The real trajectory #3 (see Figure 4) that starts from the west end
of Office B to the west end of Office C is part of the remaining
candidate trajectories.
Occupant tracking using EDMF taking into account structural
behavior and systematic uncertainties has the potential to reduce
significantly the number of candidate occupant trajectories
and provide accurate results. Using a two-sensor configuration,
model-based occupant tracking provides accurate results across
all cases.
SUMMARY AND DISCUSSION
A multiple-model approach using EDMF and a sequential
analysis have been carried out for occupant tracking inside
a full-scale office environment. Unlike measurement-driven
techniques, EDMF incorporates structural behavior and
accommodates several sources of uncertainty. Model-free
approaches using triangulation techniques provide estimates
of the distance between the impact load position and sensors
based on the time of arrival of the signal at sensor positions.
Triangulation needs at least three sensors and a uniform
structural configuration in order to provide accurate localization.
Based on the current full-scale study that contains multiple
structural obstructions such as beams and walls, low frequency
components of two footstep-impact signals are extracted using
wavelet decomposition between 23 and 30Hz (see Figure 14).
These two footstep-impact signals are used to highlight
the limitations of triangulation-based approach for occupant
localization. The chosen frequency range covers the fundamental
frequency of the structure in order to extract the highest energy
components of the signal.
Figure 14 presents footstep impact signals located at (a)
Footstep location #5 and (b) Footstep location #7 (see Figure 4)
and recorded at Sensors S1 and S2. Thresholds (dashed-lines)
correspond to three standard deviations of decomposed ambient
vibrations for each sensor. The first peaks exceeding thresholds
are presented by black dots, which correspond to the time
of arrival of impact signature at a given sensor location. For
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FIGURE 13 | Candidate trajectories that result from identification for each tested trajectory (see Figure 4). EDMF and sequential analysis (see Figure 3) identify
accurately and precisely tested trajectories. Four candidate trajectories remain after completing trajectory #3.
FIGURE 14 | Low frequency components of two footstep signals are extracted using wavelet decomposition between 23 and 30Hz. Footstep signals recorded at
Sensors S1 and S2 are located at (A) Footstep location #5 and (B) Footstep location #7 (see Figure 4). Thresholds (Dashed-lines) correspond to three standard
deviations of ambient vibrations for each sensor. Black dots illustrate the first peak exceeding thresholds for each sensor.
footstep events #5 and #7, time corresponding to exceedance
of thresholds in graphs (a) and (b) are not correlated with the
distance between sensor positions and footstep impact locations.
The time-difference of arrival (TDoA) of the footstep #5 is found
to be 0.03 s whereas the TDoA of the footstep #7 is found to be
0.0002 s. As the TDoA value of the footstep #7 is very low, the
impact location of the footstep #7 should be equidistant from
both sensors, which does not reflect reality.
Vibration measurements of three trajectories have
been studied to illustrate the potential for using a data
interpretation approach that involves a physics-based model
for occupant tracking (trajectories #1, #2, and #3 see Figure 4).
Based on two vibration sensors (see Figure 4), each tested
trajectory (see trajectories 1#, #2, and #3 in Figure 4) has
been repeated three times. Based on vibration analysis
of footstep-event measurements, low-and-high frequency
components are used for occupant localization. Low-
frequency components are governed by global structural
effects, whereas, high-frequency components are mostly
dominated by the location of the footstep impact and local
structural effects.
Incorporating structural behavior and various sources of
uncertainty in occupant tracking application using EDMF,
all trajectories have been identified accurately, across all
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measurements. Based on a two-sensor configuration, model-
based occupant-tracking approach provides precise results in
most cases. Precision of 100% for trajectories #1 and #2 and
95% for trajectory #3 are obtained using the proposed occupant-
tracking methodology.
CLSs of footstep events inside the offices and close to column
provide low precision occupant-localization, which can be due to
the sensor configuration. Thus, study of the sensor layout might
be useful in improving precision of identified candidate locations.
In addition, future work to improve the physics-based model is
needed to reduce modeling uncertainties.
Since the application of occupant tracking using model-
based approach has been carried out for one occupant only,
testing multiple occupants walking along the same trajectories
is planned. In addition, future work on other full-scale
structures is needed to verify the general applicability of
the approach.
CONCLUSIONS
The model-based data-interpretation strategy presented in this
paper along with its evaluation through a full-scale case study,
leads to the following conclusions:
– Occupant tracking using error-domain model-falsification,
including structural information and taking into account
systematic errors, has the potential to reduce significantly
the number of candidate occupant trajectories and provide
accurate results.
– Model-based occupant tracking using a two-sensor
configuration has the ability to provide precise results in
most cases.
– Low frequency components of impact signals are dominated
by global structural effects. High-frequency components of
impact signals are dominated by impact positions and local
structural effects.
– Occupant localization using model-free approaches may
reveal contradictions due to structural features.
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